Traditional clinical features are not sufficient to accurately judge the prognosis of endometrioid endometrial adenocarcinoma (EEA). Molecular biological characteristics and traditional clinical features are particularly important in the prognosis of EEA. The aim of the present study was to establish a predictive model that considers genes and clinical features for the prognosis of EEA. The clinical and RNA sequencing expression data of EEA were derived from samples from The Cancer Genome Atlas (TCGA) and Peking University People's Hospital (PKUPH; Beijing, China). Samples from TCGA were used as the training set, and samples from the PKUPH were used as the testing set. Variable selection using Random Forests (VSURF) was used to select the genes and clinical features on the basis of TCGA samples. The RF classification method was used to establish the prediction model. Kaplan-Meier curves were tested with the log-rank test.
Introduction
Among the different forms of endometrial cancer, endometrioid endometrial adenocarcinoma (EEA) is the most common type (85%) (1) . Although the prognosis of EEA is good, extensive heterogeneity has been reported in a number of studies, particularly in patients with an early stage of disease, exposing women to recurrent disease (2) (3) (4) . Clinically, certain patients with EEA with an advanced stage of disease have a good prognosis, whereas certain patients with an early stage of disease can still relapse and succumb (5, 6) . All these features indicate that traditional clinical features are not sufficient to accurately predict the prognosis of EEA. Molecular biological characteristics and traditional clinical features are particularly important in the prognosis of EEA. Tumor occurrence and development are driven by genetic alterations, and the phenotypic diversity may be accompanied by the corresponding diversity in the pattern of gene expression (7) . Therefore, establishing a predictive prognostic model on the basis of gene expression profiles and traditional clinical features, which are different from the traditional criteria, is of great clinical value.
Machine-learning methods have been used to predict the prognosis of numerous types of cancer (8, 9) . In the machine-learning area of research, the prognosis of cancer is a typical classification problem. When training a machine-learning model to undergo a prediction task, the factors relevant to the prognosis of cancer can be regarded as the features of the data, and the prognosis results are the class labels. Random Forest (RF) is a type of machine-learning method, which has been experimentally proven to be the best classifier (10) . RF has a number of advantages and has already been successfully applied to microarray data classification (11, 12) and numerous other disease classifications (13, 14) . Among the different variable selection methods, variable selection using RF (VSURF) has demonstrated the best predictive performance thus far (15) . VSURF can handle thousands of input variables and identify the most significant variables (10) ; thus, it is considered a feature selection method and has been used to select the genes relevant to the type of cancer in question (11, 16) . However, to the best of our knowledge, there is currently no RF for predicting EEA prognosis by combining gene expression and traditional clinical characteristics. Therefore, the aim of the present study was to establish a prediction model combining genes and clinical features via RF for the prognosis of EEA. First, the state-of-the-art method VSURF was used to select informative factors that are relevant to the prognosis of EEA. The selected factors were then used to design an accurate predictive model via RF.
Materials and methods
Patient selection. The present study was performed in the Department of Obstetrics and Gynecology, Peking University People's Hospital (PKUPH; Beijing, China). In the training cohort, 154 primary EEA (PE) samples without neoadjuvant therapy, RNA-sequencing (RNAseq) expression (combining level 3 data) and clinical data of female patients with uterine cancer were obtained from The Cancer Genome Atlas (TCGA) data portal (cancergenome.nih.gov) on January 7, 2018. These data included 64 PE samples without relapse (≥3 years of clinical follow-up), without radiation therapy and without additional pharmaceutical treatment, and 90 samples from relapsed or deceased PE (R/D-PE) patients with or without postoperative adjuvant therapy. TCGA samples were sub-stratified into four molecular subgroups: i) Copy number low (CN-L), ii) copy number high (CN-H), iii) microsatellite instability (MSI) and iv) catalytic subunit of DNA polymerase ε involved in nuclear DNA replication and repair (POLE) ultra-mutated, with different prognoses. Of the 154 cases in TCGA training cohort, 20.13% were CN-L, 5.19% were CN-H, 33.12% were MSI and 5.84% were POLE ultra-mutated; in 35.72% of the cases, the molecular typing information was lacking. The detailed inclusion or exclusion criteria and information on the selection of these 154 TCGA participants are presented in Fig. 1 ) was used to enrich the poly(A)-tailed mRNA molecules from 1 µg total RNA. The mRNA was fragmented into ~200-bp pieces. The first-strand cDNA was synthesized from the mRNA fragments using reverse transcriptase and random hexamer primers (New England BioLabs, Inc.), and the second-strand cDNA was synthesized using DNA polymerase I and RNaseH (New England BioLabs, Inc.). The end of the cDNA fragment was subjected to an end repair process that included the addition of a single 'A' base, followed by ligation of the adapters, according to the instructions of the NEB Next Ultra RNA Library Prep kit (New England BioLabs, Inc.). The end Repair/dA-tail program was: i) 20˚C for 30 min; ii) 65˚C for 30 min; iii) Hold at 4˚C. The products were purified using Agencourt AMPure XP Beads (Beckman Coulter, Inc., Brea, CA, USA) according to the manufacturer's protocol and enriched by polymerase chain reaction (PCR) to amplify the library DNA. Universal Primer Mix (New England BioLabs, Inc.) was used for amplification. The thermocycling conditions were as follows: 98˚C for 30 sec; 12 cycles of 98˚C for 10 sec, 65˚C for 30 sec and 72˚C for 30 sec; 72˚C for 5 min. The final libraries were quantified using the KAPA Library Quantification kit (KAPA Biosystems; Roche Diagnostics, Basel, Switzerland) and an Agilent 2100 Bioanalyzer (Agilent Technologies, Inc.). The libraries were validated using reverse transcription-quantitative PCR, and the thermocycling conditions were as follows: 95˚C for 5 min; 40 cycles of 95˚C for 30 sec and 60˚C for 45 sec. The libraries were subjected to paired-end sequencing with a pair-end 150-bp reading length on an Illumina HiSeq sequencer (Illumina, Inc., San Diego, CA, USA) (17) .
Data processing. In total, 18,669 coding genes were included in TCGA RNAseq data. Fragments per kilobase of exon model per million mapped fragments (FPKM) gene expression values were used for the statistical analysis. The format of RNAseq data downloaded from the TCGA was log 2 (FPKM+1); thus, the RNAseq data of the TCGA into FPKM was transformed for the follow-up study. There were a number of clinical features in TCGA clinical data, including age at initial pathological diagnosis (age), International Federation of Gynecology and Obstetrics (FIGO) stage (18) , grade (19) , peritoneal wash status and lymph node status. However, only the data for age, FIGO stage and grade were complete in TCGA cohorts. Thus, of all the clinical features, only age, FIGO stage and grade were included in the present study. To improve the generalization of the study results, a numerical value was given to age, FIGO stage and grade, according to a prior published study (20) RF. RF is an ensemble of decision trees, which forms multiple decision trees and then aggregates them to provide a final prediction. When a new object from an input vector is to be predicted, the input vector is placed on each of the trees in the forest simultaneously. Each tree gives a prediction, then, the forest chooses the classification that has the most votes (out of all the trees in the forest). RF uses the bagging technique and the random feature selection technique. RF has two parameters, which are the number of trees (ntree) and the number of variables randomly sampled as candidates at each split (mtry).
VSURF. VSURF is a three-step feature selection method based on RF. The first step is dedicated to removing irrelevant features from the dataset. The second step aims to select important features relevant to the class labels for interpretation purposes. The third step refines the selection by removing redundancy in the set of features selected by the second step, for prediction purposes. The ntree parameter was set to its default value of 2,000, and the mtry parameter was set to its default value (if nvm, the number of variables in the model is not greater than the number of observations; otherwise it is set to nvm/3). The VSURF results of the genes and clinical features are summarized in Fig. 2, with Fig. 2Aa-b , and 2Ba-b corresponding to the 'thresholding step', Fig. 2Ac and 2Bc corresponding to the 'interpretation step', and Fig. 2Ad and 2Bd corresponding to the 'prediction step'. The features from the 'interpretation step' had a strong association with EEA prognosis and were determined as the most important factors that affect the prognosis of EEA.
Prediction experiment. RF parameter setting. The ntree parameter was set to 2,000, i.e., the RF included 2,000 decision trees, and the mtry parameter was set to its default value.
Statistical analysis. All the model-associated data analyses were performed using R software (version 3.2.4; https://www.r-project.org). The VSURF method was used to select the most relevant prognostic genes and clinical Figure 1 . Flow chart of study participants. TCGA, The Cancer Genome Atlas; EEA, endometrioid endometrial adenocarcinoma; CN-L, copy number low; CN-H, copy number high; MSI, microsatellite instability; POLE, catalytic subunit of DNA polymerase ε involved in nuclear DNA replication and repair, ultra-mutated; PKUPH, Peking University People's Hospital.
characteristics. RF was used to build the predictive model for separating (relapsed or deceased) and unrelapsed patients. SPSS software (version 13.0; SPSS Inc., Chicago, IL, USA) was used to perform the statistical analysis. The associations between clinicopathological characteristics and outcomes were calculated using the χ 2 test and Fisher's exact test. Survival curves for the 154 PE samples from TCGA cohort (Fig. 3) were plotted using the Kaplan-Meier method and the differences between survival curves were calculated using a log-rank test. P<0.05 was considered to indicate a statistically significant difference.
Results
Patient characteristics. In total, 154 PE samples meeting the inclusion criteria from TCGA cohort were selected for the training set, and 21 PE samples from the PKUPH cohort were included in the testing set. The median age of diagnosis for the samples in TCGA cohort was 64 years (range, 35-90 years). No significant difference was observed in the diagnostic age and menopause status between the PE samples and the R/D-PE samples, whereas significant differences existed in the grade, FIGO stage, lymph node status, adjuvant radiotherapy and body mass index. The median age of diagnosis for the samples in the PKUPH cohort was 55 years (range, 31-75 years). There was no significant difference observed in all the stated clinical characteristics, perhaps due to the limited sample size in the PKUPH cohort. The detailed data are presented in Table I .
Establishing an RF prediction model on the basis of the selected genes. The VSURF method was used to select genes from 18,669 coding genes of TCGA RNAseq data for the establishment of RF prediction models, and ultimately, 11 genes were selected (Fig. 2Ab) . First, 19 genes that had the most relevance to the prognosis of EEA were selected (Fig. 2Ac) . To further reduce the number of genes for the RF models, 11 genes (Table II) Fig. 3 ). The classification ability of the 11 genes (Fig. 2Ad) was approximately equal to the 19 genes (Fig. 2Ac) . In the training set, the out-of-bag (OOB) error of RF model-1 established by the 11 genes was 15% (Fig. 2Ad) . In the testing set, when RF model-1 was used to validate the 21 EEA samples from the PKUPH cohort, its classification accuracy was 71.43%.
Establishing an RF prediction model on the basis of the clinical features. The VSURF method was used to select clinical features for establishing RF prediction models, and the grade was selected (Fig. 2B) . The results indicated that grade and FIGO stage were the most relevant to the EEA prognosis (Fig. 2Bc) . To further reduce the number of clinical factors in the RF models, grade was finally chosen as the input factor (Fig. 2Bd) . Grade had an almost equal ability to assign a classification compared with the 'grade combined with FIGO stage' (Fig. 2Bc, 2Bd ). In the training set, the OOB error of the RF model-2 established by grade was 0.39 ( Fig. 2Bd ). When RF model-2 was used to validate the 21 EEA samples from the PKUPH cohort, the classification accuracy was 66.67% (Fig. 4A) . and traditional features serve important roles in EEA prognosis. Thus, a RF-combined model-3 for EEA prognosis was established by combining '11 genes and grade'. In the training set, the OOB error of RF model-3 established by '11 genes Figure 3 . Kaplan-Meier survival curves presenting the effects of expression of the 11 genes on the overall survival and relapse-free survival in patients with EEA in TCGA cohort. OS, overall survival; RFS, relapse-free survival; EEA, endometrioid endometrial adenocarcinoma; TCGA, The Cancer Genome Atlas; LDLRAD2, low density lipoprotein receptor class A domain-containing 2; DHCRAD2, 24-dehydrocholesterol reductase; EFCAB6, EF-hand calcium-binding domain-containing protein 6; ESRP1, epithelial-splicing-regulatory-protein 1; APOL2, apolipoprotein L2; DERL1, derlin-1; MED8, mediator complex subunit 8.
Establishing a RF combined model on the basis of the 'genes and clinical features'. Molecular biological characteristics
and grade' was 0.15. When RF model-3 was used to validate the 21 EEA samples from the PKUPH cohort, its classification accuracy was 80.95% (Fig. 4B) . The classification accuracy of the RF model established by '11 genes, grade and stage' was 80.95% (Fig. 4C) , further proving that grade alone had equal classification ability compared with 'grade combined with FIGO stage'.
Discussion
Although the prognosis of EEA is good, extensive heterogeneity can expose patients to recurrent disease and poor prognosis (3, 4) . Treatments for EEA have become more complicated, as the histological classification, adjuvant therapies, indications and modalities for lymphadenectomy, and Table I . Clinicopathological characteristics of patients with EEA in TCGA and PKUPH cohorts. prognostic and predictive factors (26) . Combining traditional clinical factors and molecular biological characteristics for the prognosis of EEA is important. Machine-learning methods (27, 28) can provide increased prediction accuracy and can account for complex interactions among predictors. In addition, machine-learning approaches tend to be more suitable than traditional statistical methods for certain situations, such as cancer prognostic prediction, which involves a certain number of potential predictors (28) . In machine learning, traditional classifiers are usually desired for prediction accuracy and easily fit in with clinical norms, whereas RF stands out for its own inherent characteristics, which include a better generalization performance and excellent classification results (10, 29) . RF has also been demonstrated to be highly suitable for reducing the dimensionality of the data (29); it has been successfully used in numerous scientific realms, such as evaluating cancer-associated cognitive impairment, disease prediction, genetics, proteomics and informatics (29) (30) (31) , but currently has no application in the prediction of EEA prognosis. Not only are RF good classifiers, but they are also increasingly used as feature-selection methods. In the present study, the VSURF method was used to identify informative factors that were relevant to the prognosis of EEA. The selected factors were then used to design a good RF predictive model.
TCGA cohort PKUPH cohort ----------------------------------------------------------------------------------------------------------------------------------------------
In the present study, grade and 11 genes were selected for the establishment of an RF model. The selected 11 genes were involved in a number of important biological processes and potentially affect the prognosis of EC. LDLRAD2 is an integral component of the cell membrane. The present study indicated that LDLRAD2 was associated with the prognosis of EEA, but the definite biological significance of LDLRAD2 remains to be investigated. In addition, DHCR24 serves important roles in anti-apoptosis, cell cycle arrest, the negative regulation of cell death and the regulation of caspase activity; these biological processes are associated with poor prognosis (32) . Dai et al (33) identified that insulin-induced cholesterol synthetase DHCR24 aggravates the invasion of cancer and the resistance to progesterone in endometrial carcinoma. A previous study also demonstrated that DHCR24 is able to predict poor clinicopathological features of patients with bladder cancer, and that its expression may promote bladder cancer cell proliferation via several oncogenesis-associated biological processes (for example, via estrogen response, heme metabolism, the p53 pathway, cholesterol homeostasis, mammalian target of rapamycin complex 1 signaling, peroxisomes, xenobiotic metabolism, glycolysis and protein secretion) (34) . EFCAB6 and MED8 genes serve important roles in the transcription of genes, including certain prognosis-associated genes. ESRP1 and embryonic lethal abnormal visual system-like neuron-specific RNA-binding protein 4 (ELAVL4) participates in RNA processing, mRNA processing and mRNA metabolic processing. Li et al (35) demonstrated that ESRP1 inhibited the invasion and metastasis of lung adenocarcinoma, and served a role in regulating proteins involved in the epithelial-to-mesenchymal transition. ESRP1 was associated with prognosis in epithelial ovarian cancer (36) and human colorectal cancer (37) . Expression of the ELAVL4 gene was demonstrated to be a diagnostic and prognostic marker of bone marrow lesions in patients with neuroblastoma and male patients with meningioma (38, 39) . APOL2 serves important roles in the acute inflammatory response, lipid transport, the steroid metabolic process and the cholesterol metabolic process. APOL2 was found to be overexpressed in ovarian/peritoneal carcinoma and may provide a molecular basis for therapeutic target discovery (40) . DERL1 participated in the endoplasmic reticulum (ER)-nuclear signaling pathway, the ER-associated protein catabolic process and the ER to cytosol process. The results of a previous study have indicated that the expression of DERL1 distinguishes malignant from benign canine mammary tumors (41) . Post-glycosylphosphatidylinositol attachment to proteins 3 (PGAP3) is involved in protein amino acid lipidation, the glycerophospholipid metabolic process, the lipid biosynthetic process, the lipoprotein metabolic process and the lipoprotein biosynthetic process. Previous studies demonstrated that lipid metabolism disorders serve an important role in endometrial cancer (42, 43) . PGAP3 may affect the prognosis of EEA by regulating the lipid metabolism process. Transmembrane protein 27 (TMEM27) serve important roles in proteolysis. Javorhazy et al (44) demonstrated that a lack of TMEM27 expression in conventional renal cell carcinoma defines a group of patients as at a high risk of cancer-associated mortality.
The use of the RF model for the prediction of EEA prognosis when deciding whether to recommend adjuvant therapies is of great importance, particularly for patients with FIGO stage I disease. Those who have a low risk of relapse according to traditional clinicopathological risk factors may not have to receive postoperative adjuvant chemoradiotherapy. The results from previous studies have indicated that a large proportion of patients with EEA, who were at a low risk of relapse according to the traditional criteria and had not received postoperative adjuvant chemoradiotherapy, eventually relapsed or deceased (5, 6) . The RF prediction model derived on the basis of clinical features and gene expression is promising for providing an individualized and more accurate prediction for patients with EEA. Combining the predictive results of the RF model and traditional criteria could also be used for better stratification of patients in clinical trials, as well as for providing more accurate counseling ideas for patients.
Two nomograms (45, 46) established by traditional characteristics for the predictive survival of EC have been produced, and their training accuracies were between 0.71 and 0.78. The first nomogram consists of five simple clinical features, including FIGO stage, age at diagnosis, final histological grade, negative lymph nodes and histological subtype (45) . The second nomogram was validated in randomly selected patients (46) and indicated that tumor grade, age and lymphovascular space involvement were highly predictive for all outcomes. The establishment of the two nomograms was based on Cox regression analyses. Previous studies have demonstrated that machine-learning approaches appear to be more suitable than traditional statistical methods for some situations, such as the prediction of cancer prognosis, which involves a certain number of potential predictors (10, 11) ; thus, it may be more suitable to build such nomograms with machine-learning methods such as RF. In addition, biological characteristics and clinical features were particularly important in the prognosis of EEA. Using a combination of molecular and conventional characteristics as classifications would provide a better appraisal of prognostic and predictive factors, and the combination of traditional clinical factors and molecular biological characteristics is very important for the prognosis of EEA.
The classification accuracy of the RF prediction model combined with traditional clinicopathological features and gene expression was markedly higher than that of the RF models that were based on the traditional clinicopathological features or gene expression alone, indicating that traditional clinicopathological features and gene expression were important factors for the prognosis of EEA. The inclusion of numerous patients and prognosis-associated clinical features in the establishment of the RF prediction models is vital, and unfortunately, the number of samples in the present study was limited. In future research, more clinical samples and more clinical features will be collected for RF model establishment. The RF prediction model presented within the present study could provide a more individualized and accurate estimation of relapse and/or mortality for patients diagnosed with EEA following primary therapy. The RF model could also be used for better stratification of patients in clinical trials and for providing more accurate counseling ideas for patients.
To the best of our knowledge, the present study is the first to establish an EEA predictive model that combines genes and traditional features using RF. The RF model derived on the basis of the '11 genes and grade' achieved better predictive performances than RF models established by either the 11 genes or grade alone, indicating that the RF model derived on the basis of the 'genes and clinical features' had a stronger predictive ability for the prognosis of EEA.
